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ABSTRACT
Considering these conditions and lack of water resource, the correct management to
better use of groundwater resources has a great importance. On one side, this accurate
management requires very high care level of these resources using the new computer
facilities in this field such as artificial neural networks (ANNs). The main purpose in
this study is to obtain the best composition of these inputs to predict the Ground Water
Level (GWL) of the next month and then to determine the degree of each of the inputs
on the degree of GWL. In this research 156 series of data for the purpose of education
and 50 series of data were used for the purpose of web test. Using the input model
including GWL, rainfall and evaporation, the model was able to predict GWL of the
next month with the suitable accuracy of
(R2=0.9018). Finally, by doing the
sensitivity analysis, it was clear that the GWL, rainfall and evaporation input
parameters have the greatest effect on the next month GWL in Talar watershed
respectively.
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INTRODUCTION
Underground waters include a noticeable percentage of active waters in the hydrology circle. These
resources, due to being fresh, having fixed chemical compositions, being less polluted and having fixed
temperature have more importance than other water resources [1]. For this reason, underground waters are of the
most important resources of water providing for consumption, agriculture and industry. The country of Iran,
considering the classification of the United Nations, due to being located in the dry, semi-dry and little rainfall
receiving area, is one of the countries with little water supply, and will be in the state of sever water shortage.
Considering these conditions and shortage of surface water resources, underground water resources are the
important supply for water consumption in Iran [2].
Correct management to better use of underground water supplies requires prediction with the high accuracy
on these Ground Water Level (GWL) resources. Considering the importance of the issue of predicting, the use
of present new computer facilities is necessary at this ANNs level. It is obvious these days that the Artificial
Neural Networks, as the black box models in this field, are the useful accepted tools for modeling in complex
and non-linier situations without knowing the physical relations of ANNs. Between the input and output
parameters, they model the intended procedure.
In recent years, several hydrologic studies were done through ANNs such as predicting [7, 8, 9] discharge
river, predicting sediment [10, 11, 12], simulating the process of rainfall-flowing water [13, 14], modeling water
quality [15, 16] and predicting the quality and quantity of underground water [17, 18, 19].
The main objective of this research is to obtain the best composition of all the inputs for the prediction of
GWL, and then identify the effect of each of the inputs on the level of GWL. In the next section the article
related to the area under study is described and the input parameters are introduced. In section 3, a short
introduction of ANNs and applied performance criteria are presented. In section 4, the modeling procedure and
its results are presented and finally, in section 5, the general results of this research are dealt with.
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Study area and data sets:
Talar River is located in the city of Ghaemshahr in the country of Iran. The length of this river is 150
kilometers which pours into the Caspian Sea. Due to the area being mountainous, in a large area of the heights
in the cold season, the fall is in the form of snow. Talar basin includes 4 cities and tens of villages in which
400000 people reside.
To do this research, the statistics and information of Mazandaran province regional water which are
extracted from different stations of Talar basin are used together with the information of Roudposht well GWL.
The input data to the web is displayed in table 1 with their statistical characteristics and features at the two
levels of education and test [20]. To stop the surprise of the model in the test level, the variables intervals, at the
test level, should be a subordinate of their intervals at the education level. This subject, as it is observed in table
1, is included in this research.
Table 1: Statistical characteristics of the data in training and testing stages.
Variable
Train
Min
Max
Average
Variance
GWL(m)
6.20
11.85
9.25
1.32
Rainfall (mm)
5.51
229.67
68.67
1609.37
Precipitation (mm)
12.20
176.43
75.83
1899.85

Min
6.97
5.57
19.90

Max
12.35
156.47
171.80

Test
Average
9.84
66.86
84.10

Variance
1.87
1417.57
1830.90

MATERIALS AND METHODS
ANNs is one of the subjects that is used a lot in modeling, predicting, predicting, grading and … with a
great volume of data. The base of this method is human brain structure which is designed based on the
performance type of brain, obtaining information, processing it and finally, producing an outcome [19].
In this research study, to predict the GWL of Talar watershed, a three layer multilayer perceptron was used.
MLP is of the types of ANNs the educational algorithm of which is in the observatory form [20]. The threelayer MLP is able to estimate a complex nonlinear subordinate with a suitable accuracy through choosing better
architecture and try and error method [21].
Considering the vast domain of the data under use in this research, to normalize the data in the range of -1
to 1, the following relation is used.

X n  [(

X  X Min
) * 2]  1
X Max  X Min

(1)

Where X and Xn are the raw and normalized data and X min and Xmax are the minimum and the maximum of
the raw data amounts.
The accuracy of prediction is analyzed by performance criteria. The following four performance criteria are
used in this research:
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Where obs is the observable flow amount, forc is the degree of predicted flow by the model, obs is the
mean of obses and N is the number of data at the test stage.
If the amount of the Coefficient of Determination (R2) is more closer to one, it shows the closeness of the
observed and predicted amounts to each other. The performance criteria of Root Mean Square Error (RMSE),
Mean Absolute Percentage Error )MAPE), Standard Deviation Error (SDE), the less their performance level,
and closer to zero, the better it shows the better performance of MLP [24].
RESULTS AND DISCUSSION
In this research, information from the years 1995 to 2013 on Talar watershed including 206 series of data
was used. 50 of the data series were randomly selected for the web test and the rest for the web education. To
predict the next month GWL of Talar watershed four input models were used. These input models are presented
with accuracy evaluation results at the testing level in Table 2.
Table 2: Model input models and their accuracy evaluation results at the testing level.
Input Pattern
GWL
Precipitation
Rainfall
SDE
1
√
0.0426
2
√
√
0.0342
3
√
√
0.0357
4
√
√
√
0.0293

MAPE
4.9631
4.1352
4.1577
3.4798

RMSE
0.6296
0.5028
0.5166
0.4377

R2
0.8004
0.8691
0.8608
0.9018

By comparing the performance criteria of input models of 1 with 2 and 1 with 3 the noticeable effect of
adding evaporation and rainfall to the input of GWL of the current month is observed. This subject, considering
the hydrologic effect of evaporation and rainfall on the level of GWL of the next month was predictable. Also,
with the comparison of the performance criteria of input models of 4 with 2 and 4 with 3 the necessity of using
all of the effective parameters on the degree of GWL as the input model is determined.
Considering that the input model number 4 is selected as the best and most complete one, after obtaining
the best web of this input model and determining its weights, the effect percentage of every input parameter on
the next month GWL is obtained through the Garson method which is shown in table 3 [25]. As it can be seen,
the current month GWL has the greatest effect on next month GWL and the amount of rainfall and evaporation
is almost equal.
Table 3: the effect percentage of every input parameter on the next month GWL amount.
Input parameters
GWL
Evaporation
Effect percentage
60.69
17.99

Rainfall
21.32

To better evaluate the performance of model with input model of 4, the scatter plot of the predicted GWL is
observed in front of GWL and is drawn in figure 1. As it can be observed most of the points are close to the
perfect line, and only some points are out of the 90% accuracy boundary which shows the closeness of predicted
amounts with the observed one.

Fig. 1: The distribution curve of the predicted GWL against the observed one with the input model 4 at the test
level.
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Conclusion:
In underground water resources management plans and programming such as best exploitation of these
resources, we need GWL prediction. In this paper, the ANNs are used in predicting the monthly GWL of
Roudposht well in Talar watershed the results of which showed that they can be used as accurate and adaptable
tools to the physics of the issue. It is shown in this research study that lack of each of the effective parameters in
the input pattern of the model decreases its practicality. Finally, it was found through the analysis that the GWL,
rainfall and evaporation parameters had the greatest effects on the next month GWL in Talar watershed
respectively.
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